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0042-6989/ 2015 Published by Elsevier Ltd.We sit in a garden with no particular goal in mind. Something
moves in the corner of our eye and—based on low-resolution
peripheral information—we move our eyes to better view it. Once
it is imaged in the high-resolution fovea of each eye we recognize
it: a misplaced kitten. Based on this visual information, we decide
what to do next. We can inspect it further to determine whose kit-
ten it might be or we can engage in visual search and look for a
mother cat. Using coordinated eye and hand movements we can
try to capture the kitten. Once we have it, we can admire it, occa-
sionally returning to monitoring the scene visually with no partic-
ular goal in mind.
Eye movements serve multiple roles: gathering information
about a scene and guiding actions within the scene. These future
actions can be further eye movements or other movements, for
example, reaching or grasping toward visible objects. Visual input
can also serve to guide these movements as well. The articles in
this Special Issue address the ways in which we use the eyes to
gather information, how we use that information to guide visual
search and to guide hand movements.
In the past decade researchers have compared visually guided
movement to models based on Bayesian decision theory
(Maloney & Zhang, 2010; Trommershäuser, Maloney, & Landy,
2009; Wolpert & Landy, 2012). In the decision-theoretic frame-
work, the outcome of any movement entails a speciﬁed gain or loss
to the subject and the subject’s goal is to select movements that
maximize expected gain. Decision-theoretic models allow us to
characterize the best performance possible in a particular task
and express human performance as a percentage of ideal perfor-
mance, i.e., as efﬁciency.
The decision-theoretic framework applies equally to any move-
ment task where there are explicit gains and losses. Two exten-
sively studied areas are planning of speeded reaching and
pointing movements and planning of saccadic eye movements.
Measures of efﬁciency in reaching tasks are typically high (80–
100%) and often indistinguishable from 100% (e.g.,
Trommershäuser, Maloney, & Landy, 2003). Subjects do exhibit
patterned deviations from model predictions (e.g., Wu, Dal
Martello, & Maloney, 2009) but these are typically small with little
impact in terms of efﬁciency.
In contrast, evaluations of human performance in planning sac-
cades are decidedly mixed with reports of near-optimal perfor-
mance in some visual-search tasks (Najemnik & Geisler, 2005)
but reports of large and patterned failures in others (Araujo,
Kowler, & Pavel, 2001; Morvan & Maloney, 2012; Verghese,
2012). The articles in this special issue examine human perfor-
mance in planning movement and the efﬁciency—orinefﬁciency—of the movements planned. One theme common to
several of the contributions concerns the time needed to plan
movements.
1. Time constraints
One plausible explanation for observed differences in efﬁciency
in reaching and oculomotor tasks may simply be that eye move-
ments are executed over a very short time-scale. There may simply
not be enough time to plan the ﬁrst eye movement or, in the case
of saccades, to include information gained from one saccade into
the planning of later saccades. If so, then we would expect that per-
formance in eye-movement tasks would improve with available
planning time.
Several articles in this issue examine how the time course of
decision affects movement planning. Early manual and oculomo-
tor responses are more susceptible to distracting inﬂuences
(Moher & Song, 2014; van Zoest & Kerzel, 2015) and may not
reﬂect task demands (Ghahghaei & Verghese, 2015; Paoletti
et al., 2014; Schütz, Lossin, & Gegenfurtner, 2014), but longer
latency eye movements and manual choice responses are often
goal-directed. Saccades with latency less than 250 ms tend to
select a more salient distractor (Paoletti et al., 2014; van Zoest
& Kerzel, 2015). In their study, van Zoest and Kerzel (2015) also
showed that short-latency reaching movements select the more
salient distractor. Even when the ﬁnal reach endpoint lands on
the target, the path of the reach trajectory curves towards the dis-
tractor with the degree of curvature increasing with the salience
of the distractor (Moher & Song, 2014). Schütz, Lossin, and
Gegenfurtner (2014) pitted salience versus reward in a task that
required smooth pursuit of one of two motion directions and
showed that pursuit was determined primarily by salience for
the ﬁrst 300–400 ms after motion onset and then gradually
shifted towards the rewarded direction. This echoes an earlier
study that pitted salience against value for saccades and showed
that early saccades were determined by salience, and later sac-
cades by value (Schütz, Trommershäuser, & Gegenfurtner, 2012).
Indeed, observers make saccades to more informative locations
when asked to withhold saccades for 200 ms after display onset
(Ghahghaei & Verghese, 2015).
For a manual task in which observers are required to tap as
many targets as they can in two minutes, they make reasonable
(if not optimal) choices that take their motor variability and the
ease of hitting targets into account (Brenner & Smeets, 2015).
This result might be due to the fact that a tap has a longer latency
(400 ms) than the initiation of an eye or hand movement, and
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towards a decision.
The results of these studies suggest that the maximization of
expected value for reaches reported by researchers beginning with
Trommershäuser, Maloney, and Landy (2003) is due to the fact that
manual trajectories are typically slower than eye movements and
therefore have more time to incorporate neural population activity
that is evolving towards a decision. Indeed, the time course of
these movements may provide a continuous readout of this accu-
mulation towards a decision (Bonnen et al., 2015; Resulaj et al.,
2009; Roitman & Shadlen, 2002; Selen, Shadlen, & Wolpert, 2012).
2. Task complexity
Arguably the visual displays used in laboratory reaching tasks
are simpler than those used in saccadic-planning tasks such as
visual search. All of the manual tasks in this Special Issue required
a binary choice between suprathreshold, visually distinct stimuli
that were far apart. In some tasks (Moher & Song, 2014; van
Zoest & Kerzel, 2015), the targets were large (>2) or the accep-
tance window of the touch endpoint was bigger than the target.
In other cases (Brenner & Smeets, 2015) observers had to choose
between spatially separate small and large targets to maximize
the number of targets tapped within a ﬁxed interval. Even in cases
where the two choices are spatially overlapping (Trommershäuser,
Maloney, & Landy, 2003), the choices are visually distinct, and the
challenge is to plan a movement that takes intrinsic motor error
and reward into account. In contrast, in many of the eye-move-
ment planning tasks, the stimuli are noisy and there is not a single
unique eye-movement target. Furthermore, the eye movements
are typically made up of a series of saccades directed toward gath-
ering information for a subsequent decision (Ackermann & Landy,
2013; Eckstein et al., 2015; Ghahghaei & Verghese, 2015; Najemnik
& Geisler, 2005; Renninger, Verghese, & Coughlan, 2007; Verghese,
2012). Given the internal noise of the observer, and the time
required to incorporate information into a saccade plan, it is not
surprising that saccadic choices deviate from an ideal-observer
model that maximizes the information gained with each ﬁxation.
3. Task familiarity
The kinds of simpliﬁed tasks used in laboratory studies may dif-
fer in familiarity from typical everyday tasks. If so, lack of familiar-
ity with the task may play a role in reducing efﬁciency. For
example, Ghahghaei and Verghese (2015) asked subjects to search
a visual array for an unknown number of targets under time pres-
sure and found that performance by any measure was far from
optimal. In contrast, when the choices are clearer or fewer, such
as the pursuit of one rewarded target of two options (Schütz,
Lossin, & Gegenfurtner, 2014), subjects planned movements efﬁ-
ciently. If task familiarity is a factor, then we might expect that
even in unfamiliar tasks, with extensive training or experience,
performance will move toward optimal. This might account for
the fact that the most practiced observers are closest to optimal
(Ghahghaei & Verghese, 2015).
4. Other factors that impact efﬁciency
Even if they deviate from optimality, saccadic eye movements
do adapt to ambient conditions. Paulun et al. (2015) show that
under scotopic illumination eye movements incorporate the sco-
topic visibility proﬁle, which includes poor visibility at the rod-free
fovea. Humans make fewer saccades under scotopic viewing condi-
tions when they search for a single target in 1/f noise. In addition,
dwell times are 200 ms longer for scotopic compared to photopic
conditions, consistent with the longer integration time of the rodsystem. Thus, the eye-movement system is able to make appropri-
ate adjustments for the prevailing context.
Studies that compare eye movement targets to optimal strate-
gies show considerable deviations in the spatial distribution of
eye movements relative to ideal predictions (Ackermann &
Landy, 2013; Eckstein et al., 2015; Paulun et al., 2015). However,
Eckstein et al. (2015) show that when observers are given a brief
interval to gather visual information for a subsequent rewarded
decision, their reward is close to that predicted for the ideal obser-
ver, even though the choice of saccade locations deviates from the
ideal observer. The clearest deviation of saccade landing position
from the prediction of the ideal observer is that humans rarely
make saccades to locations that lie between potential target loca-
tions as predicted by information-maximizing models (Najemnik
& Geisler, 2005; Renninger, Verghese, & Coughlan, 2007), but direct
their saccades directly towards potential target locations. Thus, it is
clear that observers can use a non-ideal strategy that nevertheless
achieves a close-to-ideal outcome (although, for non-ideal out-
comes, see Morvan & Maloney, 2012; Verghese, 2012).
At one extreme we might have found that eye-movement plan-
ning, like the planning of reaching and touching movements,
adapts to explicit rewards in tasks and comes close to optimizing
a measure of expected gain. At the other extreme we might have
found large qualitative differences between eye-movement plan-
ning and the planning of other movements. Eye movements, unlike
hand movements, might not have been sensitive to explicit
rewards associated with tasks. We could describe them as ‘‘stereo-
typed’’, insensitive to the task at hand. There are evident reasons
why this might be so, including the rapid pace of eye-movement
planning and its computational complexity. If there is no time to
plan strategically then we expect stereotypical eye movement pat-
terns not well matched to the task at hand.
What we found corresponds to a continuum between these two
extremes. Saccadic planning under time pressure deviates mark-
edly from the predictions of an ideal-observer model that maxi-
mizes the information gained with each saccade. But with more
available time, planning conformed more and more to the predic-
tions of an ideal planner maximizing expected gain. We cannot
exclude the possibility that saccadic planning in a sufﬁciently slow
and simple task would resemble planning of reaching and grasping
movements in every respect. Future research is needed to explore
the effects of task complexity and task familiarity on all kinds of
movement planning.
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